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Abstract
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of the realized comovements. We find that intersectoral correlations display more time
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cast doubt on the persistence of the effects of financialization and emphasize the importance
of the dynamics of the factor variance.
JEL Classifciation: G13, C38, F36, Q02
Keywords: Commodity Markets, Comovement, Financialization, Factor Model
∗We are thankful for constructive comments of an anonymous referee, as well as the participants of the
Commodity and Energy Markets Annual Meeting at Sapienza University in Rome, the International Finance
and Banking Society Conference in Porto, and the Annual Meeting of the German Finance Association in
Trier. Contact: prokopczuk@fcm.uni-hannover.de (M. Prokopczuk), c.wese-simen@liverpool.ac.uk (C. Wese
Simen), and r.c.wichmann@pgr.icmacentre.ac.uk (R. Wichmann).
†School of Economics and Management, Leibniz University Hannover, Königsworther Platz 1, 30167
Hannover, Germany
‡Management School, University of Liverpool, L69 7ZH, Liverpool, United Kingdom
§ICMA Centre, Henley Business School, University of Reading, RG6 6BA, Reading, United Kingdom
1 Introduction
Commodity futures markets have undergone a massive transformation over the past decades.
Surging demand from emerging countries, deregulation, and an increase of index investment
by financial players have affected the correlations of commodity futures returns.1 Average
pairwise correlations of commodity futures returns increased from 8% before 2004 to 23%
after 2004 (Figure 1, top panel). This increase in correlations is also noticeable for return
volatilities which rose from 13% to 30% during the same period (Figure 1, bottom panel).
This finding is not discernible only for a specific commodity sector but rather for the entire
cross-section (Figure 2).2
Our paper aims to shed light on the dynamics of these comovements. Is it the corre-
lation (1) within sectors or (2) between different sectors that drives the time variation in
comovements? How much of the comovements can be explained by factor models and thus
what proportion is unexpected? Is this increase due to the time variation in (1) the factor
sensitivities or (2) the factor covariances?
The main results of our study are threefold. First, we find that a simple one-factor model
can explain 96% of the realized comovements in commodity returns. Second, we document
that the high comovements observed during and after financialization are mostly driven by
comovements between different commodity sectors rather than within sectors. Third, the
time variation in the factor variance as opposed to the time variation in factor exposure is
the main contributor to the dynamics of comovements during this period.
We begin by comparing two empirical models for commodity futures returns: (1) a global
one-factor model extracted from the panel of commodity returns (Delle Chiaie et al., 2017)
1In 2000, the Commodity Futures Modernisation Act (CFMA) was enacted and changed the regulation of
over-the-counter derivatives. As argued in Prokopczuk et al. (2017), this regulation lowered the barriers to
entry of speculators in commodity markets. According to Tang and Xiong (2012), the value of index-related
commodity investments increased from $15 billion in 2003 to over $200 billion in 2008. As of December
2017, Barclays reported global commodity assets under management have risen to $311 billion. Moreover,
Bhardwaj et al. (2015) show that the proportion of open interest from non-commercial traders has more
than doubled between 1993 and 2014 as reported by the Commodity Futures Trading Commission (CFTC).
2The underlying data sample comprises daily returns for 27 commodity markets from April 1990 to
December 2018. We follow Tang and Xiong (2012) and split the sample at the end of 2003.
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and (2) a macro factor model that extracts information from 184 macroeconomic variables
(Le Pen and Sévi, 2017).3 We compare the models’ ability to fit the covariance structure of
commodity returns and find that the model with one global factor outperforms the macro
factor model.
Dissecting the comovement into the part driven by intrasectoral correlations and the part
driven by intersectoral correlations, we find that while both parts have increased during
and after financialization, it is the comovement between commodities of different sectors
that drives the time variation in the total comovement. Next, we decompose the return
comovements into a model-implied component and a surprise component. We find that the
model-implied component accounts for virtually all of the realized comovements. Pushing
the analysis further, we show that the variation in the model-implied component depends on
(i) the variation in the factor sensitivity and (ii) the factor variance. By fixing one of the two
parts to its time-series average, all variation is induced by the other part. A comparison of
the results shows that while the model with fixed factor coefficient is still able to reproduce
the main features of the comovement, the model with fixed factor variance shows completely
different dynamics.
Our work relates to the literature on excess return comovements. Pindyck and Rotem-
berg (1990) regress commodity returns on 6 selected U.S. macroeconomic variables. Their
analysis is extended by Le Pen and Sévi (2017) who consider the information content of 184
macroeconomic variables related to the U.S. and international markets. Filtering out the
effects of these macro variables on commodity returns, both studies interpret the correlation
of the filtered returns as evidence of excess comovement. We find that a simple one-factor
model (Delle Chiaie et al., 2017) provides a better fit to the comovement of commodity re-
turns, casting doubt on the excess comovement documented in the literature. Adhikari and
Putnam (2020) use a copula approach to study the comovements of commodity markets and
3In a previous version of this paper we also considered the factor model of Bakshi et al. (2019). However,
the global one-factor model provides a better description of commodity returns. We thank a referee for
suggesting this analysis.
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find that the excess comovement within sectors is stronger than across.
Our work also relates to the broader literature on the modelling of commodity return
comovements. Several studies use GARCH-type models to directly model the correlation of
returns (Deb et al., 1996; Berben and Jansen, 2005; Silvennoinen and Thorp, 2013; Ohashi
and Okimoto, 2016). Our approach is different. We use a factor model for commodity
returns and explore its implications for comovements. Thus, our methodology enables us to
derive the covariance as a product of beta and factor variance and assess their contribution
to the model-implied comovements.
Our study also contributes to the growing literature on commonalities of return volatil-
ities. Dahl et al. (2020) study volatility spillovers between oil and agricultural markets.
Christoffersen et al. (2019) document that while the increase in return comovements of com-
modities has been temporary, volatility comovements have increased during the crisis and
there is no evidence of a decline in the more recent period. Our results show that volatility
comovements are in fact lower during the financialization period, and jump to a persistently
higher regime after the financial crisis of 2008/2009. The increase in return comovements on
the other hand is marked by a gradual increase starting before the financial crisis. Thus, it is
important to draw a clear distinction between the effects of financialization and the financial
crisis on commodity market comovements.
We contribute to the literature on the integration of commodity markets.4 Tang and
Xiong (2012) show that the correlations of commodity futures returns have increased sub-
stantially and this effect is especially pronounced for commodities that are part of commod-
ity indices. Cheng and Xiong (2014) discuss the impact of financial investors on commodity
markets, arguing that they mitigate hedging pressure and improve risk sharing, but also
induce shocks due to risk constraints and financial distress. Henderson et al. (2015) use a
novel dataset of commodity-linked notes to identify the relation between price movements
and hedging trades. Our findings shed light on how financialization has affected commodity
4We concentrate on the financial aspects, but acknowledge that there is also a large macroeconomic
literature on this topic, which is summarized by Fattouh et al. (2013).
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markets. By financialization, we mean the increase of institutional investors that follow mo-
mentum strategies (Bhardwaj et al., 2014), or invest in different generations of commodity
indices, e.g., including carry and momentum strategies. While it is undisputed that correla-
tions between commodity markets have risen during financialization, the fact that the time
variation of factor variance is the main contributor to the increase in return comovements,
helps to explain the long-term effects of financialization.
Our work builds on the research of Bekaert et al. (2009) who analyze the impact of
globalization on cross-country and cross-industry stock return comovements. In their seminal
study, they find that while factor covariances exhibit substantial time variation in the short
term, permanent trend changes in comovements are more likely to be induced by changes
in betas. Similar to globalization, the financialization of commodity markets has often been
argued to cause increased comovements in commodity markets. To investigate this claim, we
build on the econometric framework of Bekaert et al. (2009). Our interest in this framework
is motivated by three points. First, it starts with a model that can explain most of the
comovement of returns. Second, it enables us to decompose the comovements into intra-
sector as well as as intersector components. Third, the methodology can shed light on
whether the changes in comovements stem from the dynamics of the factor sensitivity or
instead the factor variability. Finally, we go a step further and leverage the detailed dataset
of trading positions of commercial and non-commercial players published by the Commodity
Futures Trading Commission (CFTC). This dataset enables us to study the impact of trading
activity on the comovement measure.5
Our findings show that financialization has affected commodity futures returns in the
short-term, but had limited effects on the long-term integration of commodity markets.
Whether changes in factor sensitivity or factor variance drive the increased comovement is
of fundamental importance as it calls for different reactions of regulators and practitioners.
From a regulatory perspective, our findings question the view that a stricter regulation of
5We are grateful to a reviewer for suggesting this analysis.
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financial traders in commodity markets will reduce comovements.6 From an asset and risk
management perspective, our results show the importance of extracting information from a
panel of commodity futures returns rather than macroeconomic factors to analyze correlation
dynamics. Our results indicate that failing to model the dynamics of factor variance leads to
erroneous risk assessment. For example, using the empirical distribution of the returns with
fixed factor variance, results in an estimated 3% decrease of Value-at-Risk (VaR) within the
period of financialization, while the realized or model-implied returns show that VaR has
increased by 21%.
The remainder of this paper is organized as follows. Section 2 describes the data and
methodology. Section 3 introduces and compares the factor models. Section 4 dissects the
commodity comovements. Section 5 discusses the implications of our findings. Section 6
documents several robustness checks, and Section 7 concludes.
2 Data & Methodology
2.1 Data
We obtain daily commodity futures price and volume data from Bloomberg.7 The data covers
27 major commodity futures markets, divided into 6 sectors: Energy, Grains, Livestock,
Oilseeds, Metals, and Softs as listed in Table A.1 of the Online Appendix.8 We gather
financial data on Treasury rates, credit spreads, corporate bond yields, and stock volatility
data from the Federal Reserve Bank of St. Louis (FRED) as listed in Panel A of Table A.2
of the Online Appendix. Furthermore, we collect the same 184 macroeconomic variables as
Le Pen and Sévi (2017) from DataStream as listed in Panel B of Table A.2 of the Online
6See also the literature on the ‘Masters Hypothesis’ (Irwin and Sanders, 2012), that tries to explain the
links between index investments and commodity prices.
7Note that up to Section 3, we use the monthly frequency since the macro data is not measured at the
daily frequency. We return to the daily frequency from Section 4 onwards. In unreported robustness checks,
we confirm that our conclusions are independent of the sampling frequency.
8This choice of sectors is identical to Szymanowska et al. (2014) except for merging the materials with
the softs sector because it only contains two commodities.
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Appendix. Our main analysis concentrates on the period from April 1990 to December
2018.9
To construct a continuous time series, we roll over the contract closest to maturity at
the end of the month preceding the month prior to delivery. This approach is analogous to
Szymanowska et al. (2014) and enables us to avoid illiquidity concerns once the contract is
close to maturity. We roll over all nearbys at the same time, i.e., if t is a roll over date, for
any n the (n + 1)th nearby becomes the nth nearby. This has further implications on the
computation of the return series, as on the day before a roll over day, we have to account
for the fact, that the (n+ 1)th nearby will be the nth nearby on the following day. By doing
this, we guarantee that the computed return is realizable since it is based on the prices of
the same contract (Singleton, 2014). For commodity market i we can write the return on






















i,t is the price of the n
th nearby on day t. Summary statistics for the first nearby
returns of all commodities are provided in Table 1 and show common characteristics of
commodity futures markets. Annualized mean returns differ strongly between commodities
(e.g., 7.8% for copper, but −5.2% for corn) and within sectors (e.g., 13.9% for gasoline, but
−9.0% for natural gas), and volatility ranges from 13.9% for live cattle to 44.8% for natural
gas.
9One could extend the sample back to July 1959. Within this early period the composition of the sample
changes drastically, when new commodities are introduced, affecting comovements. Hence, we concentrate
on the later period, during which the composition of the sample is constant.
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2.2 Methodology
Having constructed the return series of commodity futures, we now aim to decompose the
covariance of returns. Suppose that for a commodity the return on the first nearby emerges
from its linear exposure to K factors. For every commodity market i, we run the time-series
regression:
Ri,t = αi + Ftβi + εi,t ∀t = 1, . . . T, (2)
where Ri,t is the commodity futures return, αi is the intercept, Ft is the 1 × K vector of
factors, βi is the K×1 vector of slope coefficients and εi,t denotes the residual. The covariance
between the two vectors of commodity futures returns Ri and Rj is then given by
Cov(Ri, Rj)︸ ︷︷ ︸
Realized Covariance
= β′i · ΣF · βj︸ ︷︷ ︸
Model-Implied Covariance
+ Cov(εi, εj),︸ ︷︷ ︸
Residual Covariance
(3)
where ΣF denotes the K × K covariance matrix of the factors and εi and εj denote the
vectors of residuals for the respective commodity market. Equation (3) illustrates that we
can always decompose the realized covariance into a model-implied component and a residual
component. This identity is useful in order to evaluate how much of the realized comovement
can be explained by the respective model.
3 Model Selection
In this section, we introduce two factor models. The first model uses a single global commod-
ity factor. The second model uses macroeconomic variables to explain commodity futures
returns. After describing the estimation process of each model, we compare their ability to
describe commodity market comovements.
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3.1 Commodity Factor Model
The first empirical model we consider is based on the work of Delle Chiaie et al. (2017) who
find that a single global factor drives the bulk of commodity return fluctuations. Therefore,
we extract the first principal component from the panel of commodity returns, PCglobal, and
set F := PCglobal in Equation (2). The global factor explains 23.4% of the common variation
of commodity returns.
Since all loadings are positive, the global factor can be interpreted as the return on a
weighted long-only portfolio of all commodities. We use only one factor as this is the most
parsimonious approach possible.10
3.2 Macro Factor Model
The second model is based on the work of Pindyck and Rotemberg (1990) who argue that
comovements between commodity markets are driven by common macroeconomic shocks.
In their seminal study, they define excess comovement as any comovement that cannot be
explained by variables such as inflation, industrial production, interest rates, and exchange
rates. As resources for construction, energy supply, or the production of goods, commodities
are strongly linked with global aggregate demand (Alquist et al., 2020). Therefore, the
change in the commodity comovements should be linked to a macroeconomic shock. To
validate this economic reasoning, it is necessary to capture all possible channels by including
a large set of macro variables.
While Pindyck and Rotemberg (1990) use only 6 variables (industrial production, infla-
tion, currency index, interest rates, money supply and stock returns), Le Pen and Sévi (2017)
extend the variable set to 184 macro variables from emerging as well as developed countries.
We follow the authors by using the same 184 variables and taking logarithms and/or first or
10We thank an anonymous referee for this suggestion. It is, however, worth pointing out that recent works
by Bakshi et al. (2019) and Boons and Prado (2019) propose three-factor models for commodity returns.
In an earlier version of this paper, we considered such models. We find that the simple one-factor model
discussed above provides a better fit to the covariance structure of futures returns.
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second differences to obtain stationary variables.11 Subsequently, we reduce the dimension-
ality of the dataset by using principal component analysis. In particular, we use the first
nine components as factors for the macro factor model, i.e. we set F = (PC1, . . . ,PC9) in
Equation (2).12
3.3 Estimation of Factor Sensitivities
In the following, we will introduce three different ways to obtain a series of parameter
estimates for the described models.
3.3.1 Constant Beta
Up to this point, we assumed the exposure of commodity returns to the pricing factors is
constant, i.e., βi(t) = βi for every t. In practice, this means we use the full sample period to
estimate the parameters of interest.
3.3.2 Re-Estimated Beta
It is possible that the factor exposures change over time. The simplest way to introduce
time variation is by re-estimating the models. We do this using a rolling window of the past
36 months, and obtain a monthly series of coefficients.13
3.3.3 Parametric Beta
Another approach is to model the time variation explicitly. We follow Bekaert et al. (2009)
and use several financial variables to capture the dynamics of β. More formally, we model




11Panel B of Table A.2 in the Online Appendix provides a list of variables and transformations.
12The first nine components jointly explain 34.4% of the total variation in all 184 dimensions. For a
slightly smaller sample, Le Pen and Sévi (2017) find the first nine principal components to jointly explain
37% of the total variation.
13This choice of rolling window size ensures a sufficient number of observations for estimation, while
keeping the window as small as possible. We also use smaller and larger window sizes in robustness checks.
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where βi(t) is the coefficient vector at time t, γ
0
i is the intercept and γi is the KM × 1 vector
of sensitivities towards the financial variables in the K×KM matrix Mt. Specifically, we use
the following variables: the 3-month T-bill rate (US3M) to capture interest rates, the spread
between 10-year and 3-month Treasury rates (TERM) as a measure for the term premium,
the spread between Moody’s Seasoned Baa and Aaa Corporate Bond Yield (DEF) to account
for aggregate credit risk, the spread between 3-month LIBOR and Treasury rate (TED) as
a measure of funding liquidity and the CBOE Volatility Index (VIX) as a measure for stock
market volatility. This choice reflects the view that commodity futures traders also engage
in financial markets and hence adjust their risk exposures according to financial conditions.
This approach requires only one estimation, because by extending the baseline regression
in Equation (2) to include the K ×KM combinations of factors and financial variables, we
only need to estimate





and compute the coefficients, βi(t), by plugging the estimated coefficients, γ
0
i and γi, into
Equation (4). Note that effectively the ‘Constant Beta’ approach is nested within Equa-
tion (5), as setting Mt = 0 results in βi(t) = γ
0
i for all t.
3.4 Model Comparison
As we are interested in how comovements of commodity returns change over time, we will
look at the decomposition from Equation (3) in a rolling window manner. Let τ be a rolling
window of 36 months, then the correlation of two commodity returns can be written as
Covτ (Ri, Rj)√
Varτ (Ri) Varτ (Rj)
(3)
=
β′i · ΣF,τ · βj√
Varτ (Ri) Varτ (Rj)
+
Covτ (εi, εj)√
Varτ (Ri) Varτ (Rj)
,
ρrealij (τ) = ρ
model





where Ri and Rj are the returns on the respective commodities i and j, βi and βj are the
respective slope coefficients, ΣF,τ is the covariance of pricing factors within the window, and
εi and εj are the respective error terms. As for the covariance in Equation (3), the correlation
decomposes into a realized, model-implied, and residual part.
Since correlations are conditional on volatilities, heteroskedasticity can bias the con-
ditional correlation coefficients. Therefore, we follow Le Pen and Sévi (2017) and adjust
the correlation coefficient as proposed by Forbes and Rigobon (2002). We denote the









where ρij is the non-adjusted correlation coefficient, Varshort(Ri) is the variance of Ri over half
the observations compared to Varlong(Ri). In our baseline model this refers to 36 months for
Varlong(Ri) and 18 months for Varshort(Ri). Applying this adjustment to the left and right-







for the realized, model-implied and residual part, respectively.
Now, we can define the comovement measure (CM) as the weighted average of the off-
















where wij are weights such that
∑
i,j,i6=j wij = 1.
14 Following from Equation (3), the realized
comovement, CMreal, can be decomposed into a model-implied and a residual part.
To assess the performance of the different models, we compute the mean absolute error
(MAE) and the root mean squared error (RMSE) based on the realized and model-implied
14Note that we sum over all non-diagonal elements instead of only the above-diagonal part because the
transformation in Equation (7) is not symmetric. The weights are calculated as the average market value of
traded contracts over the rolling window τ . The necessary multipliers to obtain the value of a contract are


















where N is the number of comovement observations. Bekaert et al. (2009) use these measures
for equity comovement as well as Anderson (2017) for credit default swaps.
Before we compare the models with respect to the comovements, we take a look at the
results of the time-series regressions for the commodity factor model in Table 2 and the
macro factor model in Table 3. The reported coefficients show the coefficients for the whole
sample period, i.e., the ‘Constant Beta’ approach. Looking at the R2, we find that the
commodity factor model can explain 19.7% of the return variation over all commodities on
average, while the macro factor model can only explain 9.9%. Aggregating the commodities
into sectors also shows that the commodity factor model performs reasonably well in all
sectors apart from livestock. The macro factor model however, can only explain more than
10% of the variation for energy and metal commodities, which is in line with expectations
as energy and metal markets are more closely related to economic conditions.
These preliminary results are clearly in favor of the global commodity factor model, but
they are only informative about the model’s ability to fit each single commodities variation
in the time series. For the comovement of commodity markets instead, the model needs to
account for the connections between different commodity markets, which cannot be inferred
from time-series regressions that are estimated separately for each commodity market.
Table 4 reports the MAE and RMSE for both models and all three estimation methods,
Constant, Parametric, and Re-estimated Beta. The conclusions conveyed by both panels of
Table 4 are twofold.
First, for all three estimation methods and both performance measures, the global com-
modity factor model outperforms the macro factor model by a large margin. For the ‘Re-
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estimated Beta’ approach the MAE is only 0.0302 for the global commodity factor model
compared to 0.1237 for the macro factor model. Independent of the measure and estimation
technique, the error is always at least twice as large for the macro factor model.
Second, the results are strongly supportive of the model with re-estimated betas. While
the introduction of parametric betas in general reduces the RMSE by only 4% from 0.0815
to 0.0780 for the global commodity factor model, re-estimating the parameters reduces the
error by 56% from 0.0780 to 0.0345. These results also hold for the MAE and for the macro
factor model.
Concluding this section, the global commodity factor model with re-estimated coefficients
is the best model to fit the comovement structure of commodity futures returns and will thus
be the benchmark for the dissection of commodity comovements in the following section.15
4 Dissecting Commodity Comovements
This section introduces two ways of decomposing the proposed commodity comovement
measure to obtain insights over the drivers of the time variation in commodity comovements.
Further, we look at differences between return and volatility comovements in commodity
markets. Following the previous section, we use the best model and estimation method to
fit the commodity return comovements, i.e., the one-factor model with re-estimated betas.
While restricted to the monthly frequency for the model comparison, we can now use the
daily frequency.16
4.1 Intra vs. Intersectoral Return Comovements
We can decompose the comovement measure into comovements within the same sector and
between different sectors. This is interesting as these aspects indicate different levels of
15We provide several robustness tests that confirm this choice in Section 6.
16Robustness checks show that the commodity factor model performs even better in matching the comove-
ment at the daily frequency than at the monthly frequency.
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market integration. A change in intrasectoral comovements is more likely caused by sector
specific channels, e.g., the shale oil and gas boom for energy markets or weather conditions
for agricultural markets. Intersectoral comovements, however, indicate a more general form
of market integration as they are more likely caused by financial interconnectedness following
the financialization.
To disentangle these effects, we partition the realized comovement into those correlation






























where Si and Sj denote the commodity sector of commodity i and j, such that, if i and j
are in the same sector, Si = Sj, while if they are in different sectors Si 6= Sj.
Of course, the decomposition in Equation (11) does not take into account the number of
weighted correlation pairs in the disjoint parts. In our sample of 27 commodities covering 6
sectors, there are 351 different commodity market correlations pairs. From those 351 pairs,
50 are intrasectoral pairs and 301 are intersectoral pairs, i.e., the intersectoral part consists
of more than six times the number of correlation pairs that the intrasectoral part comprises.
However, intrasectoral correlations are higher on average since commodities of the same
sector are closer related to each other. To adjust for this imbalance, we scale both sums


























wij = Wintra and Winter = 1−Wintra.
We split the sample into three subperiods before, during, and after financialization. The
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pre-financialization period lasts until December 2000, when the Commodity Futures Mod-
ernisation Act (CFMA) was enacted, allowing investors to directly trade in commodity
derivatives (Prokopczuk et al., 2017). The increase of index investment into commodities
during the first decade of the twenty-first century culminated in the boom and bust of com-
modity prices in 2008 (Singleton, 2014). We follow Delle Chiaie et al. (2017) and Alquist
et al. (2020) by ending the financialization period in July 2008. This sample split also ensures
three periods of roughly equal size.17
The results of the above decomposition are presented in Table 5. Panel A of Table 5
confirms that comovements have significantly increased during the financialization period
and remain on a higher level afterwards. The realized comovement more than doubled from
0.155 before to 0.329 after financialization (t-stat∆ = 16.88). This increase is matched in
both the intrasectoral as well as intersectoral comovements but is relatively stronger for
intersectoral comovements, which increased from 0.097 to 0.249, while intrasectoral comove-
ments increased from a much higher level of 0.644 to 0.671. All changes are significant at
the 1% level.
Panels B and C of Table 5 report the standard deviation of the comovement measures
and their correlation with the realized comovement for the different periods. The volatility of
comovement increases throughout the sample period. However, the volatility of the intrasec-
toral comovement has decreased after financialization. The intersectoral comovement shows
the same pattern as the realized comovement with a strong and steady increase of volatil-
ity. Together with the high correlation between intersectoral and realized comovements of
0.960 over the whole sample, these results show that the time variation in comovements is
driven by intersectoral comovements rather than intrasectoral comovements during and after
financialization.
Figure 3 shows the time series of comovements and the decomposition into the intra-
17In an earlier version of this paper, we divided the sample only once in December 2004 following Bhardwaj
et al. (2015) and Main et al. (2018). Further, we used an alternative sample split including the financial
crisis into the financialization period, which does not affect our results.
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and intersectoral parts, confirming the discussed observations. Both, intra- and intersectoral
comovements have contributed to the long-term increase in comovements during financial-
ization, but the short-term time variation leading to a peak of comovement shortly after the
crisis and a decrease in the most recent period is driven by the intersectoral comovements.
4.2 Factor Sensitivities vs. Factor Covariances
Within the commodity factor model, the time variation of comovements has two potential
sources, the fluctuations in factor sensitivity and the fluctuation in factor variance. We follow
Bekaert et al. (2009) and set one of the two channels to its time-series average, so that all
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where ΣF is the time-series average of factor covariances and βi is the time-series average





, respectively, and obtain the comovement measure with fixed factor

















Table 6 reports the mean, standard deviation, and correlation of the realized and model-
implied comovement, as well as the comovements with fixed factor exposures and with fixed
factor variances. The summary statistics for the model-implied comovement confirm that
we are able to capture the increase in average comovement and volatility of comovement
with the simple one-factor model also at the daily frequency. For the whole sample and all
18Since we use a single factor model, the covariance matrix is a scalar. Therefore, we will refer to it as the
factor variance from hereafter.
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subsamples, the model-implied comovement and the realized comovement measure have a
correlation close to 1.
With fixed factor sensitivity, the comovement measure CMfixedβ is still closely related to
the realized and model-implied comovements. It also shows an increasing pattern for the
average comovement as well as for the volatility of comovement. The correlation with the
realized comovement exceeds 0.96 for the financialization and post-financialization period,
indicating that we capture the time variation in comovement for this period.
Fixing the factor variance however, leads to a very different picture. Panel A of Table 6
shows that, with fixed factor variance, the level of comovement is decreasing throughout
the sample, contrary to what we observe during financialization. The volatility of the co-
movement measure CMfixedΣ is only slightly increasing and the correlation with the realized
comovement over the whole sample is −0.384, with 0.076 before, 0.799 during, and −0.379
after the financialization.
Finally, the graphs in Figure 4 confirm and illustrate these results. The time series of
comovements is mainly driven by changes in the factor variance instead of changes in the
sensitivity of the commodities towards the factor. While factor variances exhibit substantial
time variation in the short term, trend changes in comovements are more likely to come from
changes in betas (Bekaert et al., 2009). Therefore, the evidence suggests that financialization
has affected the factor variance rather than the sensitivity of commodity returns to the factor.
4.3 Return vs. Volatility Comovements
The previous results are also interesting with respect to the study of Christoffersen et al.
(2019), who argue that commodity return correlations have returned to their pre-crisis level,
but find a persistently higher degree of volatility correlations after the financialization. To
address this point, we also look at comovements between commodity return volatilities, by
applying the same framework as before to return volatilities as the underlying variables. Let
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Vi be the series of monthly return volatilities for a commodity market i and
ρV,ij(τ) =
Covτ (Vi, Vj)√
Varτ (Vi) Varτ (Vj)
, (15)
the correlation of the monthly volatilities of the return of commodity market i and j over a
rolling window τ of 36 months.
Then, we can define the comovement measure of volatilities (CMV) analogously to returns





where wij are weights such that
∑
i,j,i6=j wij = 1.
In Table 7, we present the mean and standard deviation of the comovement measure for
returns (CM) and volatilities (CMV). In Panel A, we report the statistics as before using the
returns or volatilities of the 27 commodities as underlying variables. In Panel B, we use the
sector returns or volatilities as the underlying variables, eliminating the intrasectoral part of
the comovement as those are aggregated within the sector return.
As for return comovements we find an increase in volatility comovements over the sample
period confirming the results of Christoffersen et al. (2019). However, volatility comovements
decrease during the financialization period from 0.177 to 0.159 (t-stat∆ = 1.97) , before they
jump and more than double during the post-financialization period to a significantly higher
average of 0.477 (t-stat∆ = −21.84). The results for sector returns in Panel B show an even
more significant decrease of comovements during the financialization period from 0.141 to
−0.038 (t-stat∆ = 14.09), before the sharp increase to 0.416.
The graphs in Figure 5 emphasize the differences between the evolution of return and
volatility comovements, with both having increased significantly after financialization. While
the shift in commodity return comovements has been gradual over the financialization pe-
riod, commodity volatility comovements have mainly been effected during the financial crisis
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jumping to higher regime.
These results reveal a clear differentiation between the gradual effects of financialization
on the one hand, and the effect of the financial crisis on the other hand. One reason for the
different behavior could be the relatively low volatility environment during the financializa-
tion period. While the structural interconnections have been built during the financialization
period, only the overlapping distress caused by the financial crisis and the bust of commodity
markets (Singleton, 2014) brought the strong volatility comovements to light.
5 Implications
5.1 Market Integration and Financialization
Our results add to the discussion on market integration and financialization of commodity
markets. We show that a one-factor model is able to explain most of the comovement within
commodity markets leaving a negligible part of excess comovement. This is in contrast to the
literature on excess comovement which usually finds larger parts of unexplained comovement.
Pindyck and Rotemberg (1990) define excess comovement as the comovement of returns
that cannot be explained by the common effects of inflation, changes in aggregate demand,
interest rates or exchange rates. Even after extending this set of variables to 184 macro
variables (Le Pen and Sévi, 2017), these models leave a significant amount of excess comove-
ment.
Since we are able to capture the entire comovement with our parsimonious one-factor
model, we can analyze which part of the model is contributing the most to the time variation
and therefore the increase in comovements during the financialization period. This sheds light
on whether the change is persistent or not. We find that it is mostly the variance of the
factor that introduces the time variation into comovements. As the factor variance is more
affected by short-term changes than the factor sensitivity, which relates factor returns to the
commodity returns, this is evidence that the effects of financialization are less strong in the
19
long term.
However, that financialization has affected commodity markets as a whole is evident from
the dissection of intra- and intersectoral comovements. We document a significant increase
in the intra- and intersectoral comovements. This result supports the argument that index
investment in commodity markets has increased the correlation between seemingly unrelated
commodity markets through financial channels.
Table 8 reports the results of regressing the comovement on measures of trading activity
and confirms the strong linkage between commodity comovements and trading activity.19
Speculative pressure can explain up to 21% (21%) of the return (volatility) comovement.
The positive relationship shows that higher trading activity indicates higher comovement of
returns as well as volatilities.
However, we have also shown that return comovements and volatility comovements are
affected differently by financialization. While both have increased significantly post finan-
cialization, the channels are arguably different. The gradual increase of commodity return
comovements during the financialization is not matched in volatility comovements. Instead
volatilities even comove less during the financialization period, before they jump significantly
during the financial crisis. This observation is interesting as it motivates a discussion of the
distinct effects of financialization and the financial crisis on commodity markets.
5.2 Risk Management
For risk managers the covariance and hence comovements are crucial inputs as they determine
the riskiness of a portfolio. We therefore look into the effect of the comovement on the Value-
at-Risk (VaR), a common risk measure, which we compute for a portfolio P as
VaRα(P ) := Notional · Φ−1(1− α) · σP , (17)
19We proxy trading activity with speculative pressure, computed as the fraction of long minus short
positions over the total open interest of non-commercial traders from the Commitment of Traders (CoT)
Report issued by the Commodity Futures Trading Comission (CFTC), see also Fan et al. (2020). The
market-wide speculative pressure is calculated as the average speculative pressure across all markets.
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where 1 − α is the confidence level, the notional amount is set to $1,000,000, Φ−1 is the
inverse standard normal distribution function and σP is the portfolio’s monthly volatility.















where wi are weights such that
∑N
i=1 wi = 1. Hence, changes in the covariance structure
will affect the VaR. Anderson (2017) uses the VaR to study the economic impact of changes
in the covariance of credit default swaps. In a similar fashion, we analyze the change of
VaR using different models to capture the comovement of commodity futures returns. For a
rolling window τ of 36 months, we denote
Covreal(τ) = Covτ (Ri, Rj), Cov




fixedΣ(τ) = β′iτΣFβjτ ,
(19)
as the realized covariance, the model-implied covariance, the estimated covariance with fixed
betas and the estimated covariance with fixed factor covariances, where βiτ and βjτ are the
coefficients from the time-series regression and ΣF,τ is the covariance of the factors. Again,
βi, βj and ΣF denote the time-series averages.
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In Table 9 we compare the VaR before, during, and after financialization to see whether
the model-implied covariance estimates are able to capture the changes in the value-at-risk.
The first column shows the VaR using the covariance of the realized returns, Covreal, for the
computation. In the second column, we use the model-implied covariance Covmodel. We find
that the model-implied covariance gives a good estimate of the realized VaR, capturing the
increasing risk during and after financialization.
In the third column of Table 9, we compute VaR with fixed factor sensitivity. We can see
20As mentioned earlier, for a single factor model the factor covariance matrix is a scalar.
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that these VaR estimates are reasonably close to the realized and model-implied estimates.
They are especially able to capture the increased risk post financialization. The VaR based
on covariances with fixed factor variance is presented in the fourth column of Table 9 and
cannot capture this change of risk. For example, the 5% VaR is rather stable from $12,119
per $1,000,000 before financialization to $12,492 per $1,000,000 during financialization and
$12,491 per $1,000,000 after financialization. We find a similar pattern for the 1% VaR in
Panel B of Table 9.
This result points out the importance of the variation in the factor variance for the co-
movements. It is crucial for investors to capture these time-variations to be able to assess
the risks of a commodity portfolio correctly. For a risk manager who is facing the decision
to allocate limited resources to computation and maintenance of risk metrics, this result em-
phasizes the importance of the factor variance for the Value-at-Risk. As VaR is an important
metric for financial regulation, an inaccurate estimation can have important consequences.
Hence, we recommend focusing the attention on the variation in factor variance rather than
beta.
6 Robustness Checks
We run several robustness checks and discuss the results in this section. The tabulated
results are presented in the Online Appendix.
6.1 Model Settings
To start with, we want to make sure that the performance of the model is not sensitive to
our regression design. Therefore, we repeat the analysis of Section 3 after (i) changing the
size of the rolling window to 24 months and 60 months, (ii) omitting the adjustment for
heteroskedasticity and (iii) changing the computation of Varshort in Equation (7) to be the
12-month or 6-month variance.
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Table A.3 and Table A.4 of the Online Appendix show that these alternative specifications
do not change the general result that the commodity factor model with re-estimated betas
is the best model to explain the comovement of commodity futures returns.
6.2 Sample Choice
There are several reasons, why we decided to concentrate our analysis on the set of 27
commodities over the sample period from 1990 to 2018. First, the availability of certain
variables restricts our sample choice. The macro variables used in the model of Le Pen and
Sévi (2017) for emerging markets are largely unavailable before 1990, as is volume data to
compute market weights. Second, the composition of the entire commodity market changes
over time. Starting with only agricultural commodities in 1959, metals are introduced in
the 1970s, and energy commodities become tradable in the 1980s. The introduction of new
commodity markets makes a comparison through time very difficult. With respect to the
commodity markets chosen, the portfolio of 27 markets is the broadest representation of the
different sectors and commodities, allowing us to get a broad view of all interactions.
However, to address any concerns about our results being dependent on the sample choice,
we repeat the analysis with the smaller set of 21 commodities studied by Szymanowska et al.
(2014) for the period from 1990 to 2018 (Table A.5 of the Online Appendix, Panel A). To rule
out that results are driven by the effect of a certain sector, we also repeat the analysis each
time excluding all commodities of one of the six sectors (Table A.5 of the Online Appendix,
Panel B). Results remain qualitatively similar.
6.3 Alternative Comovement Measures
One concern is that our model comparison might be biased by the way we measure comove-
ments. Although Forbes and Rigobon (2002) state that using correlation coefficients is the
most straight forward framework, part of the literature has studied commodity comovements
methodologically using Vector Autoregressive models for the return volatility as in Diebold
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et al. (2017) or assessing the excess comovement, i.e., the comovement of the error term ε in
Equation (3), with a GARCH framework as Ohashi and Okimoto (2016). We favor a simple
factor model as we are interested in the explainable part of the commodity future returns.
We look at the pairwise correlations as they appear to be at the heart of the financialization
debate (Bhardwaj et al., 2015).
However, the high explanatory power of the global factor for the comovement measure
raises the concern that the result might be mechanical. Let us illustrate this with a simple
example. Consider a simple one-factor model based on an equally-weighted market factor,
i.e.,
Ri = αi + βiR
MRKT + εi ⇒ Cov(Ri, Rj) = βiβj Var(RMRKT) + Cov(εi, εj) (20)
with αi, βi and εi as intercept, slope and residual, respectively. Recall that since the market
factor here is an equally-weighted average of all constituents, the average exposure to this




























If we additionally assume the comovement measure to be equally-weighted, i.e., wij =
1
N2
for a number of N commodity markets, and we average over all covariances including the

































Because in this case, the market variance, Var(RMRKT), is equal to the comovement measure,











Cov(εi, εj) = 0. (23)
There are three reasons, we think our results are not driven by this tautology. First, the
comovement measure we use differs from the simplified example above as we do not consider
the diagonal elements, i.e., the variances, and we do not equally-weight the covariances. More
specifically we do not use the same weights for the global factor and the comovement measure.
Second, since we apply the adjustment for heteroskedasticity by Forbes and Rigobon (2002)
the equations for covariances do not hold for correlations. Third, we conduct the following
robustness check to show that our results are not driven by the described averaging effect.














is the heteroskedasticity-adjusted correlation coefficient between commodity
return i and j during the period τ and
∑
j 6=iwj = 1. Analogous to Equation (8), we define
the model-implied partial comovement measure CMmodeli .
Table A.6 of the Online Appendix reports the mean absolute error and root mean squared
error for the partial commodity measure. Although the averaging effect is visible, it does not
drive the results. We find an average MAE (RMSE) of 0.0474 (0.0532) over the 27 partial
commodity comovements, while it is 0.0302 (0.0345) for the cumulated measure including
all commodity pairs (see Table A.6 of the Online Appendix).
25
7 Conclusion
This paper examines the comovements of commodity futures returns and volatilities. We
start by showing that a one-factor model is able to explain a large proportion of the realized
comovements. Importantly, this result suggests that there is very little evidence of excess
comovements.
We confirm previous evidence of increased comovement during and after financialization
and pin its source down to the intersectoral comovements. Dissecting the evidence further,
we show that changes in factor exposure play a minor role for changes of comovements.
This result poses a challenge to the literature on the integration of commodity markets.
The increase of return comovements during financialization is mainly driven by a temporary
increase in factor variance casting doubt on commodity markets becoming more integrated
in the long run. Lastly, we find increased comovement of volatilities following the financial
crisis, suggesting the need for a discussion of the distinct effects of financialization and the
financial crisis on commodity comovements.
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Figure 1: Distribution of Pairwise Correlation Coefficients
This figure shows the distribution of the pairwise correlation coefficients for 27 commodity
returns (return volatilities) in the upper (lower) panel. The sample period comprises monthly
commodity returns and volatilities from April 1990 to December 2018. The dark shaded bars
depict the histogram of correlation coefficients within the period from 1990 to 2003, while
brightly shaded bars depict the histogram for the period from 2004 to 2018. The solid and
dashed lines are density estimates using a normal kernel function for the distribution.
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Figure 2: Average Correlation Coefficients
This figure shows the average pairwise correlation coefficient of each of 27 commodity fu-
tures returns with all other 26 commodity futures returns in the upper panel and the average
pairwise correlation coefficient of each of 27 commodity futures return volatilities with all
other 26 commodity futures return volatilities in the lower panel. The sample period com-
prises monthly commodity futures returns and volatilities estimated from daily data from
April 1990 to December 2018. The black line shows the period from 1990 to 2003, while the
gray line shows the period from 2004 to 2018. The average correlation rose from 9% to 22%
for returns and from 12% to 33% for volatilities between the two periods. The horizontal axis
lists the commodity ticker symbols, for details see Table A.1 of the Online Appendix.
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Figure 3: Intersectoral and Intrasectoral Commodity Return Comovements
This figure shows the realized commodity return comovement measure, CMreal, the inter-
sectoral comovement measure, CMinter and the intrasectoral comovement measure, CMintra,
as defined in Equation (12). Comovements are measured as the weighted average of all
correlation pairs, and then dissected into those pairs from the same (intrasectoral) and dif-
ferent (intersectoral) sectors. The correlations are adjusted for heteroskedasticity (Forbes
and Rigobon, 2002) and computed over a rolling window of 36 months. The light red shaded
area marks the period of financialization from December 2000 to July 2008, dark shaded areas
mark NBER recessions.
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Figure 4: Comovement Measure with Fixed Betas or Factor Covariances
This figure shows the realized commodity return comovement measure, CMreal, the comove-
ment measure with fixed factor exposures , CMfixedβ, and the comovement measure with fixed
factor variance, CMfixedΣ, as defined in Equation (14). The correlations are adjusted for
heteroskedasticity (Forbes and Rigobon, 2002) and computed over a rolling window of 36
months. The light red shaded area marks the period of financialization from December 2000
to July 2008, dark shaded areas mark NBER recessions.
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Figure 5: Commodity Comovement Measure for Returns and Volatilities
This figure shows the realized commodity return comovement measure, CMreal, and the re-
alized commodity volatility comovement measure, CMVreal, as defined in Equation (16).
The correlations are adjusted for heteroskedasticity (Forbes and Rigobon, 2002) and com-
puted over a rolling window of 36 months. The light red shaded area marks the period of







































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 2: Regression Results: Commodity Factor Model
This table reports the time series regression results of commodity futures returns on a constant
and the first principal component extracted from a panel of 27 commodity returns. Standard
errors are corrected according to Newey and West (1987) with two lags and respective t-
statistics are reported in parenthesis. R2 represents the coefficient of determination. Returns
are in percentage points.






WTI Crude 0.08 (0.27) 0.37 (16.76) 0.65
Heating Oil 0.17 (0.66) 0.37 (16.87) 0.70
Natural Gas -1.12 (-1.76) 0.37 (9.28) 0.29
Gasoil 0.36 (1.21) 0.36 (16.33) 0.65





Corn -0.66 (-1.75) 0.15 (6.85) 0.18
Oats -0.25 (-0.57) 0.17 (6.22) 0.16
Rough Rice -0.65 (-1.59) 0.04 (2.15) 0.01





ck Feeder Cattle 0.19 (0.87) 0.00 (0.11) 0.00
Live Cattle 0.08 (0.41) 0.01 (0.68) 0.00





Copper 0.45 (1.24) 0.16 (6.40) 0.21
Gold 0.14 (0.67) 0.08 (6.21) 0.12
Palladium 0.93 (1.91) 0.16 (4.80) 0.12
Platinum 0.18 (0.65) 0.13 (5.37) 0.21






Soybean Oil -0.32 (-1.01) 0.14 (6.23) 0.18
Canola -0.09 (-0.30) 0.09 (4.10) 0.10
Soybeans 0.15 (0.48) 0.17 (9.09) 0.26




Cotton -0.23 (-0.59) 0.13 (6.16) 0.12
Lumber -0.71 (-1.52) 0.08 (3.88) 0.04
Cocoa -0.15 (-0.39) 0.10 (4.33) 0.06
Orange Juice -0.38 (-0.84) 0.08 (3.18) 0.03
Coffee -0.33 (-0.58) 0.11 (3.99) 0.05
Sugar 0.08 (0.16) 0.11 (4.69) 0.06
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Table 3: Regression Results: for Macro Factor Model
This table reports the time series regression results of commodity futures returns on the first
9 principal components extracted from a set of 184 macro variables following Le Pen and
Sévi (2017). Standard errors are corrected according to Newey and West (1987) with 2
lags and respective t-statistics are reported in parenthesis. R2 represents the coefficient of
determination. Returns are in percentage points. Results for the fourth to ninth PC are
omitted to keep the presentation manageable.






WTI Crude 0.58 (1.34) 0.84 (7.16) -0.65 (-4.56) 0.11 (0.51) 0.23
Heating Oil 0.62 (1.53) 0.74 (5.83) -0.61 (-3.98) 0.03 (0.15) 0.21
Natural Gas -0.63 (-0.85) 0.68 (3.43) -0.21 (-0.86) -0.29 (-1.06) 0.06
Gasoil 0.79 (1.91) 0.74 (5.83) -0.67 (-4.45) -0.06 (-0.29) 0.23





Corn -0.46 (-1.15) 0.03 (0.29) -0.14 (-1.28) 0.40 (2.76) 0.06
Oats -0.09 (-0.21) 0.09 (0.60) -0.24 (-1.57) 0.40 (2.42) 0.05
Rough Rice -0.58 (-1.45) 0.20 (2.16) -0.15 (-1.36) 0.11 (0.78) 0.05





ck Feeder Cattle 0.20 (0.92) 0.11 (1.78) -0.16 (-2.25) 0.11 (1.25) 0.04
Live Cattle 0.09 (0.45) 0.09 (1.63) -0.17 (-2.80) 0.14 (1.62) 0.05





Copper 0.62 (1.84) 0.47 (5.15) -0.43 (-3.68) 0.55 (3.41) 0.23
Gold 0.21 (1.04) -0.12 (-1.40) -0.06 (-0.68) 0.16 (1.77) 0.14
Palladium 1.08 (2.27) 0.21 (1.38) -0.37 (-2.01) 0.85 (3.78) 0.09
Platinum 0.30 (1.04) 0.06 (0.46) -0.33 (-2.49) 0.37 (2.49) 0.17






Soybean Oil -0.17 (-0.53) 0.20 (2.11) -0.24 (-2.41) 0.36 (2.79) 0.12
Canola 0.04 (0.12) 0.08 (0.95) -0.11 (-1.18) 0.11 (0.94) 0.03
Soybeans 0.34 (0.99) 0.08 (0.94) -0.16 (-1.51) 0.34 (2.65) 0.09




Cotton -0.17 (-0.43) 0.14 (1.22) -0.30 (-2.53) 0.52 (3.14) 0.08
Lumber -0.58 (-1.33) 0.13 (1.10) -0.13 (-0.97) 0.51 (3.01) 0.08
Cocoa -0.14 (-0.36) -0.23 (-1.73) -0.12 (-0.94) 0.21 (1.11) 0.06
Orange Juice -0.30 (-0.66) 0.20 (1.55) -0.18 (-1.24) 0.26 (1.39) 0.05
Coffee -0.20 (-0.35) 0.19 (1.19) -0.27 (-1.45) 0.35 (1.78) 0.04
Sugar 0.25 (0.49) 0.26 (1.72) -0.04 (-0.36) 0.35 (1.98) 0.04
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Table 4: Comparison of Commodity and Macro Factor Model
This table reports the mean absolute error (Panel A) and the root mean squared error (Panel
B) associated with model [name in column]. The commodity factor model is based on the
first principal component extracted from the panel of 27 commodity returns. The macro
factor model is based on the first 9 principal components of a set of 184 macro variables
following Le Pen and Sévi (2017). In Rows ‘Constant Beta’, the respective models are
estimated once for the whole sample period. In Rows ‘Parametric Beta’, the coefficients
are parametrized using the 3-month US LIBOR rate, the term spread between 10-year and
3-months US Treasury bill, the default spread between Moody’s BAA and AAA Corporate
Bonds Indices, the TED-spread between 3-month LIBOR and the Treasury rate, and the
CBOE Volatility Index. In Rows ‘Re-estimated Beta’, the coefficients are re-estimated for
each rolling window.
Panel A: Mean Absolute Error (MAE)
Estimation Method Commodity Factor Model Macro Factor Model
Constant Beta 0.0715 0.1654
Parametric Beta 0.0674 0.1423
Re-estimated Beta 0.0302 0.1237
Panel B: Root Mean Squared Error (RMSE)
Estimation Method Commodity Factor Model Macro Factor Model
Constant Beta 0.0815 0.1865
Parametric Beta 0.0780 0.1614
Re-estimated Beta 0.0345 0.1355
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Table 5: Intra- vs. Intersectoral Commodity Comovements
This table reports the summary statistics of the commodity return comovement measure for
the commodity factor model based on the first principal component extracted from the panel
of 27 commodity returns. Panel A reports the average comovement, Panel B the standard
deviation of the comovement and Panel C the correlation of the comovement with the re-
alized comovement. The first column reports the realized comovement, CMreal, the second
column reports the intrasectoral comovement, CMintra, and the third column reports the in-
tersectoral comovement CMinter. Statistics for a two-sample t-test (F-test) between the pre-
financialization period and the financialization or post-financialization period are reported in
parenthesis in Panel A (Panel B).
Panel A: Average Comovement
Realized Intrasectoral Intersectoral
1990 – 2018 0.248 0.657 0.162
Pre-Financialization 0.155 0.644 0.097
Financialization 0.234 (12.58) 0.651 (0.61) 0.111 (2.28)
Post-Financialization 0.329 (16.88) 0.671 (2.98) 0.249 (13.23)
Panel B: Volatility of Comovement
Realized Intrasectoral Intersectoral
1990 – 2018 0.102 0.064 0.105
Pre-Financialization 0.018 0.091 0.019
Financialization 0.058 (0.09) 0.055 (2.76) 0.056 (0.11)
Post-Financialization 0.099 (0.03) 0.039 (5.51) 0.110 (0.03)
Panel C: Correlation with Realized Comovement
Realized Intrasectoral Intersectoral
1990 – 2018 1.000 0.422 0.960
Pre-Financialization 1.000 0.459 0.754
Financialization 1.000 0.831 0.949
Post-Financialization 1.000 0.590 0.999
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Table 6: Commodity Comovements with Fixed Betas and Factor Covariances
This table reports the summary statistics of the realized and model-implied commodity return
comovement measure for the commodity factor model based on the first principal component
extracted from the panel of 27 commodity returns. Panel A reports the average comove-
ment, Panel B the standard deviation and Panel C the correlation of the comovement with
the realized comovement. The first column reports the realized comovement, CMreal, the
second column reports the model-implied comovement, CMmodel, the third column reports
the comovement measure with fixed factor sensitivities, CMfixedβ, and the fourth column
reports the comovement measure with fixed factor covariances, CMfixedΣ. Statistics for a
two-sample t-test (F-test) between the pre-financialization period and the financialization or
post-financialization period are reported in parenthesis in Panel A (Panel B).
Panel A: Average Comovement
Realized Model Fixed β Fixed Σ
1990 – 2018 0.248 0.253 0.255 0.296
Pre-Financialization 0.155 0.161 0.159 0.376
Financialization 0.234 (12.58) 0.238 (12.02) 0.236 (13.00) 0.249 (-11.12)
Post-Financialization 0.329 (16.88) 0.334 (17.08) 0.341 (19.00) 0.271 (-7.32)
Panel B: Volatility of Comovement
Realized Model Fixed β Fixed Σ
1990 – 2018 0.102 0.101 0.101 0.103
Pre-Financialization 0.018 0.017 0.014 0.106
Financialization 0.058 (0.09) 0.059 (0.09) 0.055 (0.07) 0.024 (19.11)
Post-Financialization 0.099 (0.03) 0.097 (0.03) 0.092 (0.02) 0.103 (1.06)
Panel C: Correlation with Realized Comovement
Realized Model Fixed β Fixed Σ
1990 – 2018 1.000 0.999 0.985 -0.384
Pre-Financialization 1.000 0.976 0.844 0.076
Financialization 1.000 1.000 0.996 0.799
Post-Financialization 1.000 0.998 0.968 -0.379
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Table 7: Return and Volatility Comovements
This table reports the summary statistics of the commodity return comovements (CM) and
the commodity volatility comovements (CMV). Results in Panel A (Panel B) are based on the
returns on 27 commodity markets (8 commodity sectors) as underlying assets. Statistics for
a two-sample t-test (F-test) between the pre-financialization period and the financialization
or post-financialization period are reported in parenthesis behind the respective figures.
Panel A: Single Commodity Returns
Mean Standard Deviation
CM CMV CM CMV
1990 – 2018 0.248 0.293 0.102 0.175
Pre-Finacialization 0.155 0.177 0.018 0.078
Financialization 0.234 (12.58) 0.159 (-1.97) 0.058 (0.09) 0.042 (3.56)
Post-Financialization 0.329 (16.88) 0.477 (21.84) 0.099 (0.03) 0.115 (0.47)
Panel B: Commodity Sector Returns
Mean Standard Deviation
CM CMV CM CMV
1990 – 2018 0.130 0.200 0.108 0.230
Pre-Finacialization 0.037 0.141 0.026 0.105
Financialization 0.080 (11.14) -0.038 (-14.09) 0.026 (1.04) 0.062 (2.83)
Post-Financialization 0.234 (19.45) 0.416 (13.79) 0.095 (0.08) 0.171 (0.38)
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Table 8: Comovement and Trading Activity
This table reports the results of regressions of the comovement measure for returns (CM) and
the comovement measure for volatilities (CMV) on a constant and speculative pressure (SP).
For each commodity market speculative pressure is computed as the fraction of long minus
short positions over the total open interest of non-commercial traders from the Commitment
of Traders Report of the CFTC. The variable SP is defined as the average speculative pressure
over all 27 commodity markets at each point in time. Standard errors are corrected according
to Newey and West (1987) with two lags and respective t-statistics are reported in parenthesis.







Table 9: Value-at-Risk for Estimated Covariances
This table reports the Value-at-Risk (VaR) for a commodity portfolio using different covari-
ance matrices for the computation of the volatility. The Value-at-Risk for a portfolio P is
computed as in Equation (17)
VaRα(P ) := Notional · Φ−1(1− α) · σP , (17)
where 1 − α is the confidence level, the notional is $1,000,000, Φ−1 is the inverse normal
distribution function and σP is the standard deviation of portfolio returns RP . The portfolio’s
volatility is based on the different covariance matrices in Equation (19)
Covreal(τ) = Covτ (Ri, Rj), Cov




fixedΣ(τ) = β′iτΣFβjτ ,
(19)
where Covreal(τ) is the realized covariance over the rolling window τ of 36 months, Covmodel(τ)
is the model-implied covariance using the estimated returns from the time-series regression,
Covfixedβ(τ) is the covariance with constant betas, and CovfixedΣ(τ) is the covariance with
constant factor covariances. Panel A shows the VaR for α = 5% and Panel B for α = 1%.
Panel A: 5% Value-at-Risk
Covreal Covmodel Covfixedβ CovfixedΣ
1990 – 2018 $12,672 $12,822 $12,514 $12,495
Pre-Financialization $8,076 $8,367 $8,465 $12,119
Financialization $12,038 $12,050 $12,078 $12,492
Post-Financialization $15,361 $15,341 $15,369 $12,491
Panel B: 1% Value-at-Risk
Covreal Covmodel Covfixedβ CovfixedΣ
1990 – 2018 $17,922 $18,135 $17,698 $17,672
Pre-Financialization $11,423 $11,833 $11,972 $17,140
Financialization $17,026 $17,043 $17,082 $17,668





























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table A.2: Financial and Macroeconomic Data
Panel A of this table reports the financial data we obtain from the Federal Reserve Bank of St.
Louis (FRED) and the Center for Reserach in Security (CRSP). Panel B lists macroeconomic
variables from DataStream. The third column in Panel B reports the transformation used to
achieve stationarity. lv, ln, ∆lv, ∆ln and ∆2ln denote the level, logarithm, first difference
of level, first difference of logarithms and the second difference of logarithms, respectively.
Panel A: Financial Data
Variable Symbol Source
Moody’s Seasoned Aaa Corporate Bond Yield AAA FRED
Moody’s Seasoned Baa Corporate Bond Yield BAA FRED
TED Spread TED FRED
3-Month Treasury Constant Maturity Rate US3M FRED
10-Year Treasury Constant Maturity Rate US10Y FRED
CBOE Volatility Index VIX FRED
CRSP Value-Weighted Stock Market Index CRSP CRSP
Panel B: Macroeconomic Data
Variable Mnemonic Transformation
IP: USA USIPMAN.G ∆ln
IP: France FRIPMAN.G ∆ln
IP: France FRINDSYNQ lv
IP: Germany BDIPMAN.G ∆ln
IP: UK UKIPMAN.G ∆ln
IP: Japan JPIPMAN.G ∆ln
IP: Japan JPIPTOT.G ∆ln
Capacity Utilization: USA USCUMANUG ∆lv
Manufacturing New Orders: USA USNOCOGMC ∆ln
Manufacturing New Orders: USA USNOMXTRB ∆ln
New Orders: Canada CNNEWORDB ∆ln
Manufacturing Orders: Germany BDNEWORDE ∆ln
Manufacturing New Orders: Japan JPNEWORDB ∆ln
Operating Ratio: Japan JPCAPUTLQ ∆lv
Business Failures: Japan JPBNKRPTP ∆ln
Housing Permits: USA USHOUSE.O ∆ln
Housing Permits: Canada CNHOUSE.O ∆ln
Housing Permits: Germany BDHOUSE.G ∆ln
Housing Permits: Australia AUHOUSE.A ∆ln
Housing Permits: Japan JPHOUSSTF ln
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. . . continued
Variable Mnemonic Transformation
Car Registration: USA USCAR.P ∆ln
Car Registration: France FRCARREGP ∆ln
Car Registration: Germany BDRVNCARP ln
Car Registration: UK UKCAR.P ∆ln
Car Registration: Japan JPCARREGF ln
Consumer Sentiment: USA USUMCONEH ∆ln
Personal Consumption Expenditure: USA USPERCONB ∆ln
Personal Saving: USA USPERSAVE ∆lv
Retail Sale: Canada CNRETTOTB ∆ln
Household Confidence: France FRCNFCONQ ∆lv
Household Confidence: Germany BDCNFCONQ lv
Retail Sales: UK UKRETTOTB ∆ln
Household Confidence: UK UKCNFCONQ ∆lv
Retail Sales: Australia AURETTOTT ∆ln
Household Confidence: Australia AUCNFCONR lv
Household Expenditure: Japan JPHLEXPWA ∆ln
Retail Sales: Japan JPRETTOTA ∆ln
Average Hourly Real Earnings: USA USWRIM.D ∆ln
Average Overtime Hours: USA USOOL024Q ∆lv
Average Weekly Hours: USA USHKIM.O ∆lv
Average Hourly Real Earnings: Canada CNWAGES.A ∆ln
Labour Productivity: Germany BDPRODVTQ ∆ln
Wages: Germany BDWAGES.F ∆ln
Wages Index: Japan JPWAGES.E ∆ln
Unemployment Rate: USA USUNEM15Q ∆lv
Unemployment Rate: USA USUNTOTQ.pc ∆lv
Employment: Canada CNEMPTOTO ∆ln
Unemployment All: Germany BDUNPTOTP ∆ln
Unemployment Rate: UK UKUNTOTQ.pc ∆lv
Employment: Australia AUEMPTOTO ∆ln
Unemployment All: Australia AUUNPTOTO ∆ln
Unemployment Rate: Japan JPUNTOTQ.pc ∆lv
Exports: USA USI70.A ∆ln
Exports: France FREXPGDSB ∆ln
Exports: Germany BDEXPBOPB ∆ln
Exports: UK UKI70 A ∆ln
Exports: Australia AUEXPG&SB ∆ln
Exports: Japan JPEXPGDSB ∆ln
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. . . continued
Variable Mnemonic Transformation
Imports: USA USIMPGDSB ∆ln
Imports: France FRIMPGDSB ∆ln
Imports: Germany BDIMPGDSB ∆ln
Imports: UK UKIMPBOPB ∆ln
Imports: Australia AUIMPG.SB ∆ln
Imports: Japan JPOXT009B ∆ln
Terms of Trade: UK UKTOTPRCF ∆ln
Terms of Trade: Japan JPTOTPRCF ∆ln
Money Supply: USA USM0 A ∆ln
Money Supply: USA USM2 B ∆ln
Money Supply: France FRM2 A ∆ln
Money Supply: France FRM3 A ∆ln
Money Supply: Germany BDM1 A ∆ln
Money Supply: Germany BDM3 B ∆ln
Money Supply: UK UKM1 B ∆ln
Money Supply: UK UKM3 B ∆ln
Money Supply: Australia AUM1 B ∆ln
Money Supply: Australia AUM3 B ∆ln
Money Supply: Japan JPM1 A ∆ln
Money Supply: Japan JPM2 A ∆ln
Credit: USA USCOMILND ∆ln
Credit: USA USCILNNCB lv
Credit: USA USCRDNRVB ∆ln
Credit: France FRBANKLPA ∆ln
Credit: Germany BDBANKLPA ∆2ln
Credit: Australia AUCRDCONB ∆2ln
Credit: Japan JPBANKLPA ∆2ln
Stock Index: USA USSHRPRCF ∆ln
Stock Index: France FRSHRPRCF ∆ln
Stock Index: Germany BDSHRPRCF ∆ln
Stock Index: UK UKOSP001F ∆ln
Stock Index: Japan JPSHRPRCF ∆ln
Interest Rate: USA USFEDFUN ∆lv
Interest Rate: USA USCRBBAA ∆lv
Interest Rate: USA USGBOND ∆lv
Interest Rate: France FRPRATE ∆lv
Interest Rate: France FRGBOND ∆lv
Interest Rate: Germany BDPRATE ∆lv
Interest Rate: Germany BDGBOND ∆lv
Interest Rate: UK UKPRATE ∆lv
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. . . continued
Variable Mnemonic Transformation
Interest Rate: UK UKGBOND ∆lv
Interest Rate: Australia AUPRATE ∆lv
Interest Rate: Australia AUBOND ∆lv
Interest Rate: Japan JPGBOND ∆lv
Exchange Rate: DM to USD BBDEMSP ∆ln
Exchange Rate: SK to USD SDXRUSD ∆ln
Exchange Rate: GBP to USD UKDOLLR ∆ln
Exchange Rate: JPY to USD JPXRUSD ∆ln
Exchange Rate: AUS to USD AUXRUSD ∆ln
PPI: USA USPFDOFGE ∆ln
PPI: Canada CNPROPRCF ∆ln
PPI: Germany BDPROPRCF ∆ln
PPI: UK UKPROPRCF ∆ln
PPI: Japan JPPROPRCF ∆ln
CPI: USA USCONPRCE ∆ln
CPI: Canada CNCONPRCF ∆ln
CPI: France FRCONPRCE ∆ln
CPI: Germany BDCONPRCE ∆ln
CPI: UK UKCONPRCF ∆ln
CPI: Japan JPCONPRCF ∆ln
IP: Argentina AGIPTOT.G ∆ln
IP: Chile CLIPMAN.H ∆ln
IP: Brazil BRIPTOT G ∆ln
IP: Brazil BRIPMAN.G ∆ln
IP: China CHPBRENTP ∆ln
(electricity)
IP: Korea KOIPTOT.G ∆ln
IP: Korea KOIPMAN.G ∆ln
IP: Mexico MXIPTOT H ∆ln
IP: Philippines PHIPMAN F ∆ln
IP: South Africa SAIPMAN.G ∆ln
IP: Taiwan TWIPMAN.H ∆ln
Operating Ratio: Brazil BRCAPUTLR ∆lv
Machine Orders: Korea KONEWORDA ∆ln
Manufacturing Production Capacity: Korea KOCAPUTLF ∆lv
Car Sales: Argentina AGCARSLSP ∆ln
Retail Sales: Chile CLRETTOTH ∆ln
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. . . continued
Variable Mnemonic Transformation
Gasoline Consumption: Korea KOOPCGSLP ∆ln
Retail Sales: Singapore SPRETTOTG ∆lv
Retail Sales: Russia RSRETTOTA ∆ln
Labor Cost: Brazil BRLCOST.F ∆ln
Unemployment: Hong Kong HKUNPTOTP ∆ln
Unemployment Rate: Taiwan TWUN%TOTQ ∆lv
Unemployment: Russia RSUNPTOTP ∆ln
Exports: Brazil BREXPBO5A ∆ln
Exports: China CHEXPGDSA ∆ln
Exports: India INEXPGDSA ∆ln
Exports: Indonesia IDEXPGDSA ∆ln
Exports: Korea KOEXPGDSA ∆ln
Exports: Philippines PHEXPGDSA ∆ln
Exports: Singapore SPEXPGDSA ∆ln
Exports: Taiwan TWEXPGDSA ∆ln
Imports: Brazil BRIMPBO5A ∆ln
Imports: China CHIMPGDSA ∆ln
Imports: Korea KOIMPGDSA ∆ln
Imports: Singapore SPIMPGDSA ∆ln
Imports: Taiwan TWIMPGDSA ∆ln
Terms of Trade: Brazil BRTOTPRCF ∆ln
Money Supply: Brazil BRM1 A ∆ln
Money Supply: Brazil BRM3 A ∆ln
Money Supply: China CHM0 A ∆ln
Money Supply: China CHM1 A ∆ln
Money Supply: India INM1 A ∆2ln
Money Supply: India INM3 A ∆2ln
Money Supply: Indonesia IDM1 A ∆ln
Money Supply: Indonesia IDM2 A ∆ln
Money Supply: Korea KOM2 B ∆ln
Money Supply: Mexico MXM1 A ∆ln
Money Supply: Mexico MXM3 A ∆2ln
Money Supply: Philippines PHM1 A ∆ln
Money Supply: Philippines PHM3 A ∆ln
Money Supply: Russia RSM 0 A ∆ln
Stock Index: Brazil BRSHRPRCF ∆ln
Stock Index: Hong Kong HKSHRPRCF ∆ln
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. . . continued
Variable Mnemonic Transformation
Exchange Rate: Br.R. to USD BRXRUSD ∆ln
Exchange Rate: Ch.Y. to USD CHXRUSD ∆ln
Exchange Rate: In.R. to USD INXRUSD ∆ln
Exchange Rate: Id.R. to USD IDXRUSD ∆ln
Exchange Rate: Mx.P. to USD MXXRUSD ∆ln
Exchange Rate: Rs.R. to USD RSXRUSD ∆ln
CPI: Brazil BRCPIGENF ∆ln
CPI: China CHCONPRCF ∆ln
CPI: India INCPINWKF ∆ln
CPI: Korea KOCONPRCF ∆ln
CPI: Mexico MXCONPRCF ∆ln
CPI: Philippines PHCONPRCF ∆ln
CPI: Russia RSCONPRCF ∆ln
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Table A.3: Robustness – Rolling Window Size
This table reports the root mean squared error of the models that seek to capture the realized
return comovement. We separately consider the one-factor model based on the first principal
component extracted from the panel of 27 commodity returns as well as the macro factor
model based on the first 9 principal components of a set of 184 macro variables following





















heteroskedasticity-adjusted correlation coefficients of the realized and model-implied commod-
ity returns, and wij are weights such that
∑
i,j,i6=j wij = 1. In Rows ‘Constant Beta’, the
respective models are estimated once for the whole sample period. In Rows ‘Parametric
Beta’, the coefficients are parametrized using the 3-month US LIBOR rate, the term spread
between 10-year and 3-months US Treasury bills, the default spread between Moody’s BAA
and AAA Corporate Bonds Indices, the TED-spread between 3-month LIBOR and the Trea-
sury rate, and the CBOE Volatility Index. In Rows ‘Re-estimated Beta’, the coefficients are
re-estimated for each rolling window.
Panel A: Rolling Window = 24 Months
Estimation Method Commodity Factor Model Macro Factor Model
Constant Beta 0.1067 0.2116
Parametric Beta 0.1035 0.1803
Re-estimated Beta 0.0350 0.1379
Panel B: Rolling Window = 60 Months
Estimation Method Commodity Factor Model Macro Factor Model
Constant Beta 0.0777 0.2105
Parametric Beta 0.0702 0.1749
Re-estimated Beta 0.0346 0.1707
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Table A.4: Robustness – Heteroskedasticity Adjustment
This table reports the root mean squared error (RMSE) for the comovement measure of the
model-implied commodity returns with respect to the commodity factor model based on the first
principal component extracted from the panel of 27 commodity returns, and the macro factor
model based on the first 9 principal components of a set of 184 macro variables following





















adjusted correlation coefficients of the realized and model-implied commodity returns, and wij
are weights such that
∑
i,j,i6=j wij = 1. The heteroskedasticity adjustment follows Forbes and









where ρij is the non-adjusted correlation coefficient, Varshort(Ri) is the variance of Ri over
a shorter horizon compared to Varlong(Ri), which is computed over 36 months. In Panel
A, there is no heteroskedasticity adjustment applied, i.e., Varshort(Ri) is equal to Varlong(Ri)
or δi = 0. In Panel B, Varshort(Ri) uses a third of the observations of Varlong(Ri), i.e., 12
months, and in Panel C Varshort(Ri) is computed over 6 months.
Panel A: No Adjustment
Estimation Method Commodity Factor Model Macro Factor Model
Constant Beta 0.0972 0.2115
Parametric Beta 0.0917 0.1800
Re-estimated Beta 0.0331 0.1575
Panel B: Varshort over 12 Months
Estimation Method Commodity Factor Model Macro Factor Model
Constant Beta 0.0948 0.2141
Parametric Beta 0.0912 0.1817
Re-estimated Beta 0.0355 0.1578
Panel C: Varshort over 6 Months
Estimation Method Commodity Factor Model Macro Factor Model
Constant Beta 0.0984 0.2163
Parametric Beta 0.0989 0.1846
Re-estimated Beta 0.0394 0.1566
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Table A.5: Robustness – Sample Choice
This table reports the root mean squared error for the comovement measure of the model-
implied commodity returns with respect to the commodity factor model and the macro factor













where τ is a 36 months rolling window, ρrealij (τ) and ρ
model
ij (τ) are the correlation coefficients of
the realized and model-implied commodity returns, and wij are weights such that
∑
i,j,i6=j wij =
1. In Rows ‘Constant Beta’, the respective models are estimated once for the whole sample
period. In Rows ‘Parametric Beta’, the coefficients are parameterized using the 3-month US
LIBOR rate, the term spread between 10-year and 3-months US Treasury bills, the default
spread between Moody’s BAA and AAA Corporate Bonds Indices, the TED-spread between 3-
month LIBOR and the Treasury rate, and the CBOE Volatility Index. In Rows ‘Re-estimated
Beta’, the coefficients are re-estimated for each rolling window. Panel A uses the same set
of 21 commodities as Szymanowska et al. (2014). Panel B uses the set of 27 commodities
excluding the commodities of the sector listed.
Panel A: Dataset – Szymanowska et al. (2014)
Estimation Method Commodity Factor Model Macro Factor Model
Constant Beta 0.0710 0.1925
Parametric Beta 0.0647 0.1661
Re-estimated Beta 0.0282 0.1390
Panel B: Excluding Sectors with Re-Estimated Beta
Excluded Sector Commodity Factor Model Macro Factor Model
Energy 0.0383 0.1451
Grains 0.0486 0.1680





Table A.6: Robustness – Partial Comovement Measure
This table reports the mean absolute error (MAE) and root mean squared error (RMSE)
betweem the realized and the model-implied partial commodity return comovement measure
of the commodity factor model based on the first principal component extracted from the panel





























adjusted correlation coefficients of the realized and model-implied commodity returns, which
are re-estimated over a rolling window of 36 months, and wj are weights such that Wi =∑
j 6=iwj. The average over all assets is reported in bold at the end.
Commodity RMSE MAE Commodity RMSE MAE
Soybean Oil 0.0296 0.0335 Corn 0.0464 0.0551
Cocoa 0.0346 0.0402 WTI Crude 0.0615 0.0725
Feeder Cattle 0.0269 0.0330 Gold 0.0302 0.0356
Copper 0.0501 0.0553 Heating Oil 0.0984 0.1138
Orange Juice 0.0482 0.0511 Coffee 0.0592 0.0628
Lumber 0.0448 0.0466 Live Cattle 0.0380 0.0428
Natural Gas 0.0325 0.0393 Lean Hogs 0.0382 0.0407
Oats 0.0491 0.0578 Palladium 0.0315 0.0388
Platinum 0.0280 0.0333 Gasoil 0.0501 0.0605
Gasoline 0.0949 0.1092 Rough Rice 0.0407 0.0430
Canola 0.0430 0.0476 Soybeans 0.0710 0.0771
Sugar 0.0499 0.0532 Silver 0.0235 0.0284
Soybean Meal 0.0548 0.0584 Chicago Wheat 0.0524 0.0601
Cotton 0.0360 0.0383 Average 0.0474 0.0532
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